This paper investigates the conditional correlations and volatility spillovers between crude oil returns and stock index returns. Daily returns from 2 January 1998 to 4 November 2009 of the crude oil spot, forward and futures prices from the WTI and Brent markets, and the FTSE100, NYSE, Dow Jones and S&P500 index returns, are analysed using the CCC model of Bollerslev (1990) , VARMA-GARCH model of Ling and McAleer (2003) , VARMA-AGARCH model of McAleer, Hoti and Chan (2008) , and DCC model of Engle (2002). Based on the CCC model, the estimates of conditional correlations for returns across markets are very low, and some are not statistically significant, which means the conditional shocks are correlated only in the same market and not across markets. However, the DCC estimates of the conditional correlations are always significant. This result makes it clear that the assumption of constant conditional correlations is not supported empirically. Surprisingly, the empirical results from the VARMA-GARCH and VARMA-AGARCH models provide little evidence of volatility spillovers between the crude oil and financial markets. The evidence of asymmetric effects of negative and positive shocks of equal magnitude on the conditional variances suggests that VARMA-AGARCH is superior to VARMA-GARCH and CCC.
Introduction
Stock market and crude oil markets have developed a mutual relationship over the past few years, with virtually every production sector in the international economy relying heavily on this source of energy. As a result of such dependence, fluctuations in crude oil prices are likely to have significant and unavoidable affects on the production sector. The direct effect of an oil price shock may be considered as an input-cost effect, with higher energy costs leading to lower oil usage and decreases in productivity of capital and labour. Further to the direct impacts on productivity, fluctuations in oil prices also cause income effects in the household sector, with higher costs of imported oil reducing the disposable income of the household. Hamilton (1983) mentions that a sharp rise in oil prices increases uncertainly in the operating costs of certain durable goods, thereby reducing demand for durables and investment.
The impact of oil prices on macroeconomic variables, such as inflation, real GDP growth rate, unemployment rate and exchange rates, is a matter of great concern for all economies.
Due to the role of crude oil on demand and input substitution, more expensive fuel translates into higher costs of transportation, production and heating, which affect inflation and household discretionary spending. It is well documented that increases in major energy prices are often followed by economic recession, which may reveal a causal link from higher energy prices to economic recessions, higher unemployment, and possibly higher inflation (see, for example, Hamilton (1983) , Mork, Olsen and Mysen (1994) , Mork (1994) , Lee et al. (1995) , Sadorsky (1999) , Lee et al. (2001) , Hooker (2002) , Hamilton and Herrera (2004) , Cunado and Perez de Garcia (2005) , Jimenez- Rodriguez and Senchez (2005) , Kilian (2008) , Cologni and Manera (2008) , and Park and Ratti (2008) ). Moreover, higher prices may also reflect a stronger business performance and increased demand for fuel.
3 For financial markets, Chang et al.. (2009) analysed the effect of oil price shocks on stock prices through expected cost flows, the discount rate and the equity pricing model. However, the direction of the stock price effect depends on whether a stock is a producer or a consumer of oil or oil-related products. As most companies in the world market are oil consumers, the performance of the stock market may be negatively correlated. Figure 1 presents the plots of the Brent futures price and FTSE100 index from early 1998. Before 2003, the Brent futures price and FTSE100 index moved in opposite directions, but they moved together thereafter.
However, the correlation between daily Brent futures prices and the FTSE100 index is relatively weak at 0.162 over the past decade.
[Insert Figure 1 here]
Returns, risks and correlation of assets in portfolios of assets are key elements in empirical finance, so accurate modelling and forecasting of the correlations between crude oil and stock markets are crucial. A volatility spillover occurs when changes in price or returns volatility in one market have a lagged impact on volatility in one or more other markets. Therefore, volatility spillover patterns are widespread in financial, energy and stock markets (see, for example, Sadorsky (2004) , Hammoudeh and Aleisa (2002) , Hammoudeh et al. ( ), Ågren (2006 , and Malik and Hammoudeh (2007)) . Surprisingly, there do not seem to be any analysis of the conditional correlations or volatility spillovers between shock in crude oil returns and shocks in set index returns, despite these issues being very important for practitioners and investors alike.
One of the major aims of the paper is to gauge whether stock markets evaluate rationally the impact of oil shocks on the economy. The reaction of stock markets to oil price and returns shocks will determine whether stock prices rationally reflect the impact of news on current and future real cash flows. The paper models the conditional correlations and examines the volatility spillovers between two major crude oil return, namely Brent and WTI (West Texas Intermediate) and four stock index returns, namely FTSE100 (London Stock Exchange, FTSE), NYSE composite (New York Stock Exchange, NYSE), S&P500 composite index, and Dow Jones Industrials (DJ). Some of these issues have been examined empirically using several recent models of multivariate conditional volatility, namely the CCC model of Bollerslev (1990) , VARMA-GARCH model of Ling and McAleer (2003) , VARMA-AGARCH model of McAleer, Hoti and Chan (2008) , and DCC model of Engle (2002) .
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The remainder of the paper is organized as follows. Section 2 reviews the relationship between the crude oil market and stock market. Section 3 discusses various popular multivariate conditional volatility models that enable an analysis of volatility spillovers.
Section 4 gives details of the data to be in the empirical analysis, descriptive statistics and unit root tests. The empirical results are analyzed in Section 5, and some concluding remarks are given in Section 6
Crude Oil and Stock Markets
There is a scant literature on the empirical relationship between the crude oil and stock markets. Jones and Kaul (1996) show the negative reaction of US, Canadian, UK and Japan stock prices to oil price shocks via the impact of oil price shocks on real cash flows. Ciner (2001) uses linear and nonlinear causality tests to examine the dynamic relationship between oil prices and stock markets, and concludes that a significant relationship between real stock returns and oil futures price is non-linear. Hammoudeh and Aleisa (2002) find spillovers from oil markets to the stock indices of oilexporting countries, including Bahrain, Indonesia, Mexico and Venezuela. Kilian and Park (2007) report that only oil price increases, driven by precautionary demand for oil over concern about future oil supplies, affect stock prices negatively. Bjørnland (2008) suggests that, following a 10% increase in oil prices, stock returns in Norway increased by 2.5%, after which the effect eventually died out. Miller and Ratti (2009) analyze the long-run relationship between the world price of crude oil and international stock markets, and find that stock markets respond negatively to increases in the price of oil.
A number of previous papers apply vector autoregressive (VAR) models to investigate the relationship between the oil and stock markets. Kaneko and Lee (1995) find that changes in oil prices are significant in explaining Japanese stock market returns. Huang et al. (1996) show significant causality from oil futures prices to stock returns of individual firms, but not to aggregate market returns. In addition, they find that oil futures returns lead the petroleum industry stock index, and three oil company stock returns. Sadorsky (1999) indicates that positive shocks to oil prices depress real stock returns, using monthly data, and the results 5 from impulse response functions suggest that oil price movements are important in explaining movements in stock returns.
For data on Greece, Papapetrou (2001) reveals that the oil price is an important factor in explaining stock price movements, and that a positive oil price shock depresses real stock returns by using impulse response functions. Lee and Ni (2002) indicate that, as a large cost share of oil industries, such as petroleum refinery and industrial chemicals; oil price shocks tend to reduce supply. In contrast, for many other industries, such as the automobile industry, oil price shocks tend to reduce demand. Park and Ratti (2008) estimate the effects of oil price shocks and oil price volatility on the real stock returns of the USA and 13 European countries, and find that oil price shocks have a statistically significant impact on real stock returns in the same month, and real oil price shocks also have an impact on real stock returns across all countries. In addition, they provide evidence of asymmetric effects on real stock returns for the U.S. and Norway, but little evidence of asymmetric effects for the oil importing European countries. For emerging stock markets, Maghyereh (2004) finds that oil shocks have no significant impact on stock index returns in 22 emerging economies.
However, Basher and Sadorsky (2006) show strong evidence that oil price risk has a significant impact on stock price returns in emerging markets.
Regarding the relationship between oil prices and stock markets, Faff and Brailsford (1999) find a positive impact on the oil and gas, and diversified resources, industries, whereas there is a negative impact on the paper and packing, banks and transport industries. Sadorsky (2001) shows that stock returns of Canadian oil and gas companies are positive and sensitive to oil price increases using a multifactor market model. In particular, an increase in the oil price factor increases the returns to Canadian oil and gas stocks. Boyer and Filion (2004) find a positive association between energy stock returns and an appreciation in oil and gas prices. Hammoudeh and Li (2005) show that oil price growth leads the stock returns of oil-exporting countries and oil-sensitive industries in the USA. Nandha and Faff (2007) examine the adverse effects of oil price shocks on stock market returns using global industry indices. The empirical results indicate that oil price changes have a negative impact on equity returns in all industries, with the exception of mining, and oil and gas. Cong et al. (2008) argue that oil price shocks do not have a statistically significant impact on the real stock returns of most Chinese stock market indices, except for 6 the manufacturing index and some oil companies. An increase in oil volatility does not affect most stock returns, but may increase speculation in the mining and petrochemical indexes, thereby increasing the associated stock returns. Sadorsky (2008) finds that the stock prices of small and large firms respond fairly symmetrically to changes in oil prices, but for mediumsized firms the response is asymmetric to changes in oil prices. From simulations using a VAR model, Henriques and Sadorsky (2008) show that shocks to oil prices have little impact on the stock prices of alternative energy companies. Oberndorfer (2008) shows that oil market volatility negatively affects oil and gas stocks of European energy corporations. However, energy stock volatility is not related to volatility in the energy market, but is driven only by its own dynamics. Gogineni (2009) indicates that, as their main customers are impacted by oil price changes, the stock returns of industries are sensitive to oil price changes. The magnitude of the correlations between industry returns and oil price changes depends on both the cost-side and demand-side dependence on oil, and that the effects of these factors vary across industries.
In small emerging markets, especially in the Gulf Cooperating Council (GCC) countries, show that the Saudi market is the leader among GCC stock markets, and can be predicted by oil futures prices. Zarour (2006) shows that, for the sub- May 2003, the responses of GCC markets to oil returns shocks are small, in general, and decrease very slowly whereas, during a later regime, the GCC market responses seem to be large and decrease quickly, especially for the Saudi, Kuwaiti and Abu Dhabi stock markets. Maghyereh and Al-Kandari (2007) apply nonlinear cointegration analysis to examine the linkage between oil prices and stock markets in GCC countries. The empirical results indicate that oil prices have a nonlinear impact on stock price indices in GCC countries. Onour (2007) argues that, in the short run, GCC stock market returns are dominated by the influence of non-observable psychological factors. In the long run, the effects of oil price changes are transmitted to fundamental macroeconomic indicators which, in turn, affect the long run equilibrium linkages across markets. Arouri and Fouquau (2009) Recent research has used multivariate GARCH specifications, especially BEKK, to model volatility spillovers between the crude oil and stock markets. find that there are two-way interactions between the S&P Oil Composite index, and oil spot and futures prices. Ågren (2006) presents strong evidence of volatility spillovers from oil prices to stock markets using the asymmetric BEKK model for Japan, Norway, UK and US stock markets, but quite weak evidence for Sweden. Malik and Hammoudeh (2007) find that Gulf equity markets receive volatility from the oil markets, but only in the case of Saudi Arabia is the volatility spillover from the Saudi market to the oil market significant, underlining the major role that Saudi Arabia plays in the global oil market. Finally, using a two-regime
Markov-switching EGARCH model, Aloui and Jammazi (2009) examine the relationship between crude oil shocks and stock markets from December 1987 to January 2007. This study focuses on two major crude oil markets, namely WTI and Brent, and three developed stock markets, namely France, UK and Japan. The results show that the net oil price increase variable play a significant role in determining both the volatility of real returns and the probability of transition across regimes.
Econometric Models
In order to investigate the conditional correlations and volatility spillovers between crude oil returns and stock index returns, a variety of multivariate conditional volatility models is applied. This section presents the CCC model of Bollerslev (1990) , VARMA-GARCH model of Ling and McAleer (2003) , and VARMA-AGARCH model of McAleer, Hoti and Chan (2009). These models assume constant conditional correlations, and do not suffer from the curse of dimensionality, as compared with the VECH and BEKK models (see McAleer et al. (2008) and Caporin and McAleer (2009) for further details). In order to to make the conditional correlations time dependent, Engle (2002) proposed the DCC model.
The typical CCC specification underlying the multivariate conditional mean and conditional variance in returns is given as follows:
is a sequence of independently and identically distributed (iid) random vectors, t F is the past information available to time t,
, m is the number of returns, 1,..., tn  (see Li, Ling and McAleer (2002) , and Bauwens et al. (2006) ), and 12 1 21 1, The conditional correlations are assumed to be constant for all the models above. From (1),
, which is assumed to be constant over time, and each conditional correlation coefficient is estimated from the standardized residuals in (1) and (2). The constant conditional correlation (CCC) model of Bollerslev (1990) Although the conditional correlation is modelled, and hence can be estimated in practice, it does not allow any interdependencies of volatilities across different assets and/or markets, and does not accommodate asymmetric behaviour. In order to incorporate interdependencies of volatilities across different assets and/or markets, Ling and McAleer (2003) proposed a vector autoregressive moving average (VARMA) specification of the conditional mean in (2.4), and the following GARCH specification for the conditional variance: (2), so the VARMA-GARCH model has CCC as a special case.
As in the univariate GARCH model, VARMA-GARCH assumes that negative and positive shocks of equal magnitude have identical impacts on the conditional variance. In order to separate the asymmetric impacts of the positive and negative shocks, McAleer, Hoti and Chan (2009) proposed the VARMA-AGARCH specification for the conditional variance,
is an indicator function, and is given as
If 1 m  , (6) collapses to the asymmetric GARCH, or GJR, model of Glosten, Jagannathan and Runkle (1992) . Moreover, VARMA-AGARCH reduces to VARMA-GARCH when Unless t  is a sequence of iid random vectors, or alternatively a martingale difference process, the assumption that the conditional correlations are constant may seen unrealistic. In order to make the conditional correlation matrix time dependent, Engle (2002) proposed a dynamic conditional correlation (DCC) model, which is defined as 
where the kk  symmetric positive definite matrix t Q is given by
in which 1  and 2  are non-negative scalar parameters to capture the effects of previous shocks and previous dynamic conditional correlations on the current dynamic conditional correlation. As t Q is a conditional on the vector of standardized residuals, (11) is a conditional covariance matrix, and Q is the kk  unconditional variance matrix of t  . For further details, and a critique of the DCC and BEKK models, see Caporin and McAleer (2009) .
Data
We used daily time series data (five working days per week) for the four set index, namely 
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The returns of the daily price index and crude oil prices are calculated by a continuous compound basis, defined as
, where , ij t P and ,1 ij t P  are the closing price or crude oil price i of market j for days t and t -1, respectively. The daily prices and daily returns of each crude oil prices, and for the four set index, are given in Figures 1 and 2, respectively. The plots of the prices and returns in their respective markets clearly move in a similar manner. The descriptive statistics for the crude oil returns and set index returns are reported in Tables 1 and 2, respectively. The average returns of the set index are low, except for Dow Jones, but the corresponding standard deviation of returns is much higher. On the contrary, the average returns of crude oil are the same within their markets, and are higher than the average return of the set index. Based on the standard deviation, crude oil returns has a higher historical volatility than stock index returns.
Prior to estimating the condition mean or conditional variance, it is sensible to test for unit roots in the series. Standard unit root testing procedures based on the Augmented Dickey-Fuller (ADF) and Phillips and Perron (PP) tests are obtained from the EView 6.0 econometric software package. Results of the tests for the null hypothesis that daily stock index returns and crude oil returns have a unit root are given in Table 2 , and they all reject the null hypothesis of a unit root at the 1% level of significance in all cases, with a constant and with or without a deterministic time trend.
Empirical Results
This section presents the multivariate conditional volatility models for six crude oil returns, namely spot, forward and futures for the Brent and WTI markets, and four stock index returns, namely FTSE100, NYSE, Dow Jones and S&P, leading to 24 bivariate models. In order to check whether the conditional variances of the assets follow an ARCH process, univariate ARMA-GARCH and ARMA-GJR models are estimated. The ARCH and GARCH effects of all ARMA(1,1)-GARCH (1,1) models are statistically significant, as are the asymmetric effects of the ARMA-GJR(1,1) models. The empirical results of these univariate conditional volatility models are available from the authors on request.
Constant conditional correlations between the volatilities of crude oil returns and stock index returns, and the Bollerslev and Wooldridge (1992) robust t-ratios using the CCC model based 13 on ARMA(1,1)-CCC(1,1), are presented in Table 3 . All estimates are obtained using the RATS 6.2 econometric software package. The conditional correlation matrices for the 24 pairs of returns can be divided into three groups, name within the crude oil market, financial or stock markets, and across markets. The CCC estimates for pairs of crude oil returns within the crude oil market are high and statistically significant, as well as the CCC estimates for pairs of stock index returns in financial markets. However, the CCC estimates for returns across markets are very low, and some are not statistically significant, except for FTSE100 and NYSE. Consequently, the conditional shocks are correlated only in the same market, and not across markets. Table 3 
[Insert

here]
The DCC estimates of the conditional correlations between the volatilities of crude oil returns and stock index returns, and the Bollerslev-Wooldridge robust t-ratios based on the ARMA(1,1)-DCC(1,1) models, are presented in Table 4 . As the estimates of both 1  , the impact of past shocks on current conditional correlations, and 2  , the impact of previous dynamic conditional correlations, are statistically significant, this clearly indicates that the conditional correlations are not constant. The estimates 1  are generally low and close to zero, increasing to 0.021, whereas the estimates 2  are extremely high and close to unity, ranging from 0.973 to 0.991. Therefore, from (11), t Q seems very close to 1 t Q  , such as for the pair WTIFOR and FTSE.
[Insert Table 4 
The short run persistence of shocks on the dynamic conditional correlations is the greatest between BRFOR_FTSE, while the largest long run persistence of shocks on the conditional correlations is 0.998 for the pairs WTIFOR_FTSE and WTIFU_S&P. Consequently, the conditional correlations between crude oil returns and stock index returns are dynamic. These findings are consistent with the plots of the dynamic conditional correlations between the standardized shocks for each pair of returns in Figure 4 , which change over time and range from negative to positive. The greatest range of conditional correlations is between Brent forward returns and FTSE100. These results indicate that the assumption of constant 14 conditional correlations for all shocks to returns is not supported empirically. However, the average conditional correlations for each pair are nevertheless rather low and close to zero.
[Insert Table 5 Table   6 presents the estimates of the conditional variances of VARMA-GARCH (the estimates of the conditional means are available from the authors on request). In Panels 5a-5w, it is clear that the ARCH and GARCH effects of crude oil returns and stock index returns in the conditional covariances are statistically significant. Interestingly, Table 6 suggests there is no evidence of volatility spillovers in either one or two directions (namely, interdependence), except for two cases, namely the ARCH and GARCH effects for WTIFOR_FTSE100 and WTIFU_FTSE100, with the past conditional volatility of FTSE100 spillovers for WTIFOR, and the past conditional volatility of WTIFU spillovers for FTSE100.
[Insert Table 6 here] Table 7 presents the estimates of conditional variances of VARMA-AGARCH (the estimates of the conditional mean are available from the authors on request). It is clear that the GARCH effect of each pair of crude oil returns and stock index returns in the conditional covariances are statistically significant. Surprisingly, Table 7 shows that there are only three of 24 cases for volatility spillovers from the past conditional volatility of the crude oil market on the stock market, namely WTIFOR-NYSE, WTIFOR-S&P and WTIFU-S&P. Although the estimated parameters are positive, they are rather low, and the asymmetric effects of each pair are statistically insignificant. Therefore, VARMA-GARCH is generally preferred to VARMA-AGARCH.
[Insert Table 7 
In conclusion, from the VARMA-GARCH and VARMA-AGARCH models, there is little evidence of volatility spillovers between crude oil returns and stock index returns. These finding are consistent with the very low conditional correlations between the volatility of crude oil returns and stock index returns using the CCC model. These phenomena can be explained as follows. First, by definition, the stock market index is calculated from the given company stock prices, which can be classified as producers and consumers of oil and oilrelated companies. Therefore, the impact of crude oil shocks on each stock index sector may balance out (see also the discussion in Section 2). For example, the energy sector, namely oil and gas drilling and exploration, refining and by-products, and petrochemicals, is typically positively affected by variations in oil prices, whereas the other sectors, such as manufacturing, transportation and financial sectors, are negatively affected by variations in oil prices.
Second, each common stock price in the stock index is not affected equally or contemporaneously by fluctuations in oil prices. The service sectors, namely media, entertainment, support services, hotel and transportation, are most negatively affected by fluctuations in oil prices, followed by the consumer goods sector, namely household goods and beverages, housewares and accessories, automobile and parts, and textiles. The next most negatively influenced sector is the financial sector, namely banks, life, assurance, insurance, real estate, and other finance. Consequently, the impacts of crude oil changes on stock index returns may not be immediate or explicit. Third, through advances in financial instruments, some firms may have found ways to pass on oil prices changes or risks to customers, or determined effective hedging strategies. Therefore, the effects of crude oil price fluctuations on stock prices may not be as large and clear as might be expected.
Concluding Remarks
This paper investigated conditional correlations and examined the volatility spillovers between crude oil returns, namely spot, forward and futures returns for the WTI and Brent markets, and stock index returns, namely FTSE100, NYSE, Dow Jones and S&P index, using four multivariate GARCH models, namely the CCC model of Bollerslev (1990) , VARMA-GARCH model of Ling and McAleer (2003) , VARMA-AGARCH model of McAleer, Hoti and Chan (2008) , and DCC model of Engle (2002) , with a sample size of 3089 returns observations from 2 January 1998 to 4 November 2009. The estimation and analysis of the volatility and conditional correlations between crude oil returns and stock index returns can provide useful information for investors, oil traders and government agencies that are concerned with the crude oil and stock markets. This paper will be able to assist in evaluating the impact of crude oil price fluctuations on various stock markets.
Based on the CCC model, the estimated conditional correlations for returns across markets were very low, and some were not statistically significant, which means that the conditional shocks were correlated only in the same market, and not across markets. However, for the DCC model, the estimates of the conditional correlations were always significant, which makes it clear that the assumption of constant conditional correlations was not supported empirically. This was highlighted by the dynamic conditional correlations between Brent forward returns and FTSE100, which varied dramatically over time.
The empirical results from the VARMA-GARCH and VARMA-AGARCH models provided little evidence of dependence between the crude oil and financial markets. VARMA-GARCH model yielded only 2 of 24 cases, namely WTIFU_FTSE100 and WTIFU_FTSE100, whereas VARMA-AGARCH gave 3 of 24 cases, namely the past conditional volatility of FTSE100 spillovers to WTIFOR, and the past conditional volatility of WTIFU spillovers to FTSE100.
The evidence of asymmetric effects of negative and positive shocks of equal magnitude on the conditional variance suggested that VARMA-AGARCH was superior to the VARMA-GARCH and CCC models. Note: Entries in bold are significant at the 5% level. Notes: (1) The two entries for each parameter are their respective parameter estimates and Bollerslev and Wooldridge (1992) robust t-ratios.
(2) Entries in bold are significant at the 5% level. Notes: (1) The two entries for each parameter are their respective parameter estimates and Bollerslev and Wooldridge (1992) robust t-ratios.
(2) Entries in bold are significant at the 5% level. Notes: (1) The two entries for each parameter are their respective parameter estimates and Bollerslev and Wooldridge (1992) robust t-ratios. 
